We consider the problem of monitoring and comparing medical outcomes, such as surgical performance, over time. Performance is subject to change due to a variety of reasons including patient heterogeneity, learning, deteriorating skills due to aging, etc. For instance, we expect inexperienced surgeons to improve their skills with practice. We propose a graphical method to monitor surgical performance that incorporates risk adjustment to account for patient heterogeneity. The procedure gives more weight to recent outcomes and down-weights the influence of outcomes further in the past. The chart is clinically interpretable as it plots an estimate of the failure rate for a "standard" patient. The chart also includes a measure of uncertainty in this estimate. We can implement the method using historical data or start from scratch. As the monitoring proceeds, we can base the estimated failure rate on a known risk model or use the observed outcomes to update the risk model as time passes. We illustrate the proposed method with an example from cardiac surgery.
INTRODUCTION
There is growing interest in monitoring medical outcomes such as surgical performance to assist in allocation of resources and decision-making. Surgeons, hospital administrators, and other stakeholders want up-to-date estimates of performance to detect changes or to compare individual surgeons at a single or different surgical centers. With procedural, technological, and surgical team-related changes continuously in effect, the surgical failure rate is likely to vary over time. One example is the learning curve (Novick and Stitt, 1999) where we expect the underlying success rate to improve over time as the surgeon and surgical team increase their skills and familiarity with the procedures. While we hope for rapid improvements in performance, there are also many reasons why surgical performance could worsen over time including deteriorating skills for an aging surgeon, poor dynamics in a surgical team, inappropriate changes to the surgical technique, etc. It can be difficult to detect changes over time since they may be relatively small, there is a lot of noise due to patient mix and each individual patient provides little information, especially with a binary outcome.
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While process monitoring methods have been used in industrial contexts for decades (Montgomery, 1996) , they have only recently gained traction in medical and surgical applications. One complication in the medical context is that to make results from heterogeneous patients comparable, it is necessary to use risk adjustment. Lovegrove and others (1997) and Poloniecki and others (1998) proposed monitoring the observed minus expected outcomes where expected outcomes are determined from a risk model relating the chance of a successful outcome to patient covariates. This model is fit using data available prior to the monitoring. The expected outcome is calculated assuming this model is known and does not change over time. This approach gives equal weight to all patients, even those from long ago. Steiner and others (2000) give a formal procedure using a cumulative sum (CUSUM) control chart to monitor 30-day mortality after surgery. They incorporated risk adjustment through a logistic regression model and based the CUSUM on likelihood ratio scores defined in terms of a null hypothesis (current failure rate) and an alternative hypothesis based on a clinically important change in the failure rate quantified in terms of an odds ratio. While the risk-adjusted CUSUM has optimality properties because of the use of the likelihood ratio and allows an assessment of uncertainty, it lacks a clear clinical interpretation which has likely limited the use of the method in practice. The CUSUM gives equal weight to all patients following a chart reset after a signal.
Outcomes from recent patients are more relevant to estimating the current failure rate when performance is changing over time. The goal of this article is to provide an intuitive, clinically interpretable tool to monitor surgical performance that incorporates risk adjustment and allows for changes in underlying performance over time. Such a monitoring scheme is valuable in the context of a learning curve or any other situation where we expect the overall surgical performance to change slowly over time. Our proposed method is relatively easy to understand and can include pointwise confidence bands that quantify the estimation uncertainty. We illustrate the methodology with the binary outcome 30-day mortality after cardiac surgery. In the discussion section, we show that the approach is easily adapted to handle other types of outcomes including continuous performance measures or counts.
In the next section, we describe a graphical method based on a weighted estimating equation (WEE) that provides up-to-date estimates of the failure rate for a "standard" patient. We show how to calculate the estimate and corresponding standard errors and discuss implementation with or without historical data. The monitoring approach can be implemented with the assumption that the risk adjustment parameters are known or alternately by updating the estimates of the risk adjustment parameters as data accumulate. Then, in Section 3, we illustrate the method by applying the proposed WEE chart in a cardiac surgery example. Section 4 assesses performance of the proposed chart using a simulation study. In addition, we discuss the setup of the chart and compare it to other proposed monitoring methods. Finally, we provide a discussion and conclusions.
WEE MONITORING CHART
To monitor performance, we plot a graph (see Figure 1 ) of the current estimate of the probability of failure for a preselected "standard" patient versus time t. After the result of each surgery is known, we update the chart. The "standard" patient can be chosen to have an important clinical interpretation. For example, we could select a common or average patient in terms of risk characteristics and procedure type.
We employ a risk adjustment mechanism to make the results of heterogeneous patients comparable. Let 
where x i is a vector of covariate values for the ith patient and x 0 is the vector of covariate values for the standard patient. The vector β represents the regression coefficients corresponding to the covariates and α represents the log odds of failure for a standard patient with x i = x 0 . We discuss the choice of how to define the standard patient in Section 4. To use risk adjustment, we consider two cases:
• assume that β is known with negligible error;
• estimate β using both historical and ongoing monitoring data.
In the second case, we reestimate β each time a new surgical outcome is observed. We assume that the underlying vector β is constant over time. We look at the case where β is assumed known in Subsection 2.1 and the case where we estimate β as time passes in Subsection 2.2. In either case, we refit a model like (2.1) after each outcome that allows the intercept term α to vary with time. We denote the time dependence by replacing α in (2.1) by α t . To make the estimates of α t reflect recent performance and not be unduly influenced by outcomes from long ago, we specify an estimating equation with declining weights for patients further in the past. For simplicity, we use exponentially decaying weights based on patient order. That is, when we have observed a total of t patients, we let the weight for patient i, i = 1, 2, . . . , t, be
where λ, 0 < λ 1, is a smoothing constant. With (2.2), the weight for the most recent patient is proportional to λ, the patient just before that has a weight proportional to λ(1 − λ), the one before that λ(1 − λ) 2 , and so on. Thus, using (2.2), the weight for patient i decreases as each new outcome becomes available, i.e. as t increases. In (2.2), the denominator 1 − (1 − λ) t is used to standardize the weights so that t i=1 w i = t. As λ approaches zero, the weights for each patient approach 1.
To estimate the model parameters, we use estimating equations based on the score function. With binary outcomes, the log-likelihood for patient i is
Suppose we assume that β is known. Then, the score for patient i is ∂l/∂α
Because we believe performance might be changing over time, we estimate α t , the value of α in (2.1) at time t, using a weighted sum of the scores to get the WEE
If β is unknown but constant, then using the scores ∂l/∂β
we build a set of standard (un-weighted) estimating equations, as given in (2.5), to reestimate β after each new outcome is observed.
The notation hides the fact that (2.5) is a set of equation corresponding to each of the covariates in the risk model (2.1). Because we assume that β is constant over time, the terms of the estimating equations for β are not weighted. Note that (2.5) depends onα i , i = 1, 2, . . . , t, and not just the final estimateα t as in (2.4). In (2.5), we useα i , i = 1, 2, . . . , t, for two reasons. First, we believe that α may change over time, and thus the final estimate may not well represent the situation earlier in the series. For the same reason, we rely on the weights in (2.4) to accommodate slowly changing values of α. Secondly, we found that the implementation using onlyα t instead ofα i , i = 1, 2, . . . , t, was unstable in cases where there were very few recent deaths and especially when any deaths that did occur were for high-risk patients. The instability occasionally resulted in wild values ofα t andβ. Using (2.5) rather than the alternative withα i , i = 1, 2, . . . , t, replaced byα t does not allowβ to change much when a new observation becomes available since the sum of the first t − 1 terms in (2.5) will be zero with the estimates from the previous time period.
In the case where we assume that β is known, we iteratively solve (2.4) as each new patient outcome is available to provide a current estimate for α t that is based mostly on recently observed data. When β is also unknown, we solve (2.4) and (2.5) simultaneously. This estimation procedure can be easily programmed, for instance, using the Solver AddIn to Microsoft Excel .
Note that rescaling all the patient weights by some constant (as done in (2.2)) will factor out of (2.4) and have no effect on the derived estimates. However, the constant is needed to derive approximate standard errors since we wish to recover the usual standard errors with equal patient weights, i.e. as λ approaches zero. Also, we found the rescaling helpful to avoid numerical instability in solving (2.4) for small values of λ.
Using the results in Lipsitz and others (1999) or Hu and Kalbfleisch (2000) , the variance-covariance matrix for the estimators from (2.4) and (2.5) with α t rather than α i , i = 1, 2, . . . , t, has the sandwich form
where W is the expected value of the matrix of derivatives and V is the variance-covariance matrix of the two sets of score equations given by (2.4) and (2.5). In this derivation, we assume that both α and β are constant and hope that it is approximately correct in cases where α t changes slowly over time. Simulation results presented later in Section 4 suggest the approximation is reasonably good. If there is only a single covariate, i.e. β is a scalar (as in the example in the next section), we get
We then can approximate the standard error ofα t using the square root of the first diagonal element of when we substitute the estimatesα t andβ into (2.1) to determine the estimated failure
In the determination of the standard error, we use only the final (current) estimates of the model parameters.
If we are willing to assume that the risk model parameters β that quantify the effect of the patient covariates are known, the standard error simplifies to
Note that had we not used weighting, i.e. if we gave equal weight to all previous patients, i.e. w i = 1 for all i, (2.7) simplifies to the usual expression for the standard error of an estimate for a proportion given
Given the standard error from (2.7) or, in the general case, the square root of the first diagonal element of , approximate 95% pointwise confidence bands for α t are given bŷ
(2.8)
To show the results graphically over time, we plotp 0,t , the estimate at time t of the failure rate for a standard patient with covariate value(s) x i = x 0 . We calculatep 0,t from (2.1) by plugging in the estimatê α t . Note that since x i = x 0 ,p 0,t does not depend on β. However, changes in the value of β will affect the estimate of α t we get from solving (2.4) and (2.5). Also using (2.1), we can translate the endpoints from (2.8) into approximate 95% pointwise confidence bands for p 0,t . Since the confidence bands as proposed are pointwise, we will need to take care in the interpretation since clearly the series given byp 0,t will be correlated over time.
EXAMPLE
We illustrate the use of the proposed WEE chart with data from a UK center for cardiac surgery (Steiner and others, 2000) . The data set consists of the outcomes of 6994 operations by seven surgeons in a single surgical center over the period 1992-1998. For each patient, we have the surgery date, surgeon, type of procedure and preoperative covariates including age, gender, presence of hypertension, diabetic status, renal function, and left ventricular mass. These covariates determine the Parsonnet score (Parsonnet and others, 1989) , a common risk scoring approach for cardiac surgery. To illustrate the methodology, we define the response y i using 30-day postoperative mortality. In the data, 461 deaths occurred within 30 days of surgery, giving an overall mortality rate of 6.6%. Steiner and others (2000) used the available data from all surgeons in the first 2 years (1992 and 1993) to fit a risk adjustment model (2.1) with the Parsonnet score as the only covariate. We define the standard patient as having the median Parsonnet score x 0 = 7. The estimates of the parameters in model (2.1) areα = −3.14 andβ = 0.077 with corresponding standard errors of 0.11 and 0.006. With these parameter estimates, the standard patient has a predicted preoperative 30-day mortality risk of 4.1%. The choice of standard patient can be changed if desired.
Suppose that at the beginning of 1994, we had decided to start monitoring the surgical results. We stratify by surgeon and focus here on the results for Surgeon 2 since they provide the most interesting series of outcomes. As a result, we only show monitoring of the surgical outcomes for the roughly 2.5 year period starting in January 1994 since Surgeon 2 left the cardiac center in August 1996. In addition to the 330 surgeries performed by Surgeon 2 in this period, we also have "historical" results (from 1992 to 1993) for Surgeon 2 consisting of 287 patients. In this application, since the data are available, it makes sense to incorporate the 1992-1993 data in the monitoring procedure for Surgeon 2 as we expect only gradual changes in performance. In other words, the historical data are used in (2.4) and, if desired, (2.5) with appropriate weights. For each new patient starting in 1994, we iteratively find new estimates for α t (and β). Note that here we demonstrate applying the WEE chart retrospectively (since the data are already given). Ideally the method would be employed prospectively as the data arise. In this way, it would be possible to promptly react to any identified problems or concerns.
WEE chart with β assumed known
We first consider the case where we assume that the effect of the Parsonnet scores on the chance of mortality is known, i.e. we assume that β is known. With β known, there is only a single WEE (2.4). The top panel of Figure 1 shows the resulting WEE chart for Surgeon 2 starting in 1994. The crosses in the chart (connected by solid lines) give the estimated failure rate for the standard patient derived with the smoothing constant λ = 0.01 as suggested by Cook (2003) for binary outcomes. We consider the choice of λ in Section 4. In Figure 1 , the two lighter lines give the 95% pointwise confidence bands for the estimated failure rate of the standard patient. We include, for the sake of comparison, a horizontal line at 0.041, the expected failure rate for a standard patient from the Steiner and others (2000) model.
The plotted estimates incorporate the results from 1992 to 1993. For instance, when we obtain the result for the first patient operated on by Surgeon 2 in 1994, we estimateα t based on 288 patient results (287 from the period 1992-1993 and the first patient in 1994). In that case the most recent patient has a weight of 3.05 in (2.4) while the first patient from 1992 has a weight of only 0.17. From Figure 1 , we see that the predicted standard patient failure rate for Surgeon 2 increases after about the middle of 1995.
We can also apply the WEE chart when we do not have historical data, for instance, with a new surgeon. We assume that the estimated risk model applies but we have no other data for the new surgeon. While not appropriate in this example, for illustration the bottom panel of Figure 1 shows the resulting WEE chart that ignores the 1992-1993 data for Surgeon 2. With no historical data, we start the plot only after we have observed at least one failure (and one success). Otherwise, the estimate of p 0,t is zero and we cannot estimate the corresponding standard error. In this example, the first death that occurred was of patient 22 (February 14, 1994) . Comparing the top and bottom panels of Figure 1 shows that, for the initial period of monitoring, we get quite different estimates for the failure rate for the standard patient. Note also that, in the bottom panel of Figure 1 , the pointwise confidence bands are very wide at the start since there is little information due to the small number of patients included in the estimation. As the number of observed outcomes increases, the pointwise confidence bands narrow but will not shrink to a width of zero due to the exponential weighting of the patient results. By the end of the series, the two WEE charts in Figure 1 are virtually identical since at that point, due to the exponential weighting, the 287 surgical results from 1992 to 1993 have little effect on the top panel.
The WEE charts in Figure 1 provide a useful interpretable summary of performance that incorporates risk adjustment and allows for a changing underlying rate over time. If we wish to determine whether the observed performance (rescaled to the standard patient) matches some established performance standard, we can check if the performance standard lies within the pointwise confidence bands or not. If not, we conclude there is evidence that the observed performance is better (i.e. if the expected failure rate for the standard patient lies below the pointwise confidence bands) or worse than the performance standard. Compared with the expected failure rate for a standard patient, both WEE plots in Figure 1 suggest that Surgeon 2's performance worsens at the end and according to the pointwise confidence bands is significantly worse than the expected performance. In the top panel of Figure 1 , the first time the approximate 95% pointwise confidence bands for p 0,t lie completely above the expected rate is after the death of patient 218 in September 1995. Had the method been applied prospectively, the observed increased failure rate for Surgeon 2 could have triggered an investigation into the cause(s) and possible responses.
WEE chart with β reestimated after each outcome
To create Figure 1 , we assumed the risk adjustment parameter β was known. This is a reasonable assumption if the risk model was estimated from a large data set and β does not change. However, a number of authors (Jones and others, 2004; Jones and Steiner, 2011; Gandy and Kvaloy, 2013) have highlighted the potential large negative effect of estimation error on the performance of control charts generally and risk-adjusted charts in particular. For this reason, we also present an implementation of the WEE chart where we update the estimate of the risk parameter(s) as more data become available. Estimating both model parameters simultaneously is difficult without a reasonable amount of data, especially if the risk model includes many covariates. As a result, the WEE chart with an updating risk model is only feasible when we start with some historical data. Figure 2 gives the resulting WEE chart using an updated risk model when we use the 287 patients from 1992 to 1993 for Surgeon 2 as a starting point. To obtain these results, we simultaneously solve the estimating equations (2.4) and (2.5) and translate the obtained α t top 0,t through (2.1). In Figure 2 , for comparison, we include a horizontal line at 0.041, the risk estimate from the established risk model for the standard patient. The WEE chart in Figure 2 is different from the top panel of Figure 1 but is qualitatively similar. The biggest difference is that, in Figure 2 , where we update the risk model as time passes, the pointwise confidence bands are wider due to the additional uncertainty from estimating β. In addition, the estimated riskp 0,t is larger at the end of the series in Figure 2 
PERFORMANCE ASSESSMENT, CHART SETUP, AND METHOD COMPARISON
In the proposed WEE chart, the choice of how to define the standard patient with score x 0 can be important. The best choice is some clinically important patient type with risk that is not too extreme relative to the patient mix. The value of x 0 impacts the level of chart and in the case where we update the estimate only for α t and assume that β is known, any value of x 0 will yield the samep 0,t if we use (2.1) to translate the estimated failure rate. There is, however, more uncertainty in the estimates the closer the values are to 0.5 as is the case with a standard binomial model. When we use both (2.4) and (2.5) to estimate α t and β, the choice of x 0 is more important. Now, because estimating equation (2.4) is weighted and (2.5) is not (and also because we use α i , i = 1, 2, . . . , t, rather than just α t in (2.5)), the translated estimate of p 0,t depends somewhat on x 0 . Values of x 0 in the middle of the distribution of Parsonnet scores yield roughly the same results and we show in the example that using x 0 = 7 yields very close to unbiased estimates when α t does not change. To avoid bias, we recommend not defining the standard patient to be one with an extreme Parsonnet score. To investigate how well the proposed methodology can capture the uncertainty in the estimate of p 0,t , we conducted some simulation studies. We generated data from an assumed model (2.1) with a single covariate Parsonnet score distributed according to an exponential distribution with a mean of 8.9 as suggested for this data set by Sego and others (2009) . We set β = 0.077 and a known time pattern for α t . In one case, we used a constant α = −3.141 as in Steiner and others (2000) . In a second case, we allow α i to change according to the model α i = 0.737 exp(−5i/t) − 3.141 for i = 1, 2, . . . , t. With this model, over the course of the series, α i changes from −2.404 to −3.141 and the corresponding p 0,t declines from 0.08 to 0.04, in other words is cut in half. In a third case, we allowed α i to change linearly from −2.404 to −3.141. We looked at both cases where we assumed that β is known and when we reestimated β as time passed. In each simulation, we determinedp 0,t and found the approximate 95% pointwise confidence bands for p 0,t using (2.8) and (2.1) based on the finalα t derived from (2.4) (and (2.5) when we did not assume β was known) at the end of the series. When we assumed that β was known, each simulation consisted of 50 000 runs and we looked at all possible series lengths t between 40 and 150 in steps of 5. When we used both estimating equations, each simulation consisted of 10 000 runs and we looked at all possible series lengths between 40 and 150 in steps of 10. Note that it does not matter if we consider the data arising prospectively or retroactively since we assess only the final estimates at the end of the series. In the simulation, we determined the bias ofp 0,t and estimated the coverage of the pointwise confidence bands, i.e. the probability that the pointwise confidence bands contain the true value. In any simulation run with no deaths, we setp 0,t equal to zero and concluded that the pointwise confidence bands did not include the true value. This happened rarely and only for short series. Figures 3 and 4 show the results when we assumed Fig. 4 . Simulated bias ofα t ,β, andp 0,t and coverage of the pointwise confidence bands for p 0,t withα t ,β estimated using (2.4) and (2.5) andp 0,t from (2.1). In all cases β = 0.077, x 0 = 7, and p 0,t = 0.043, solid lines, α i = 0.041; dashed lines, α i = 0.737 exp(−5i/t) − 3.141; dotted lines, α i = −2.404 − 0.737i/t (not shown in the top right panel due to excessive bias).
that β was known and when we estimated β, respectively. Not surprisingly, the simulations suggest that the estimator for p 0,t is close to unbiased when α i does not change over time, but is biased when α i (and thus p 0,i ) does change. Figure 4 shows that when β is estimated, its estimator is close to unbiased and any bias in estimating p 0,t comes mostly through the estimate for α t . In the cases where α i changes over time, the bias with our approach will be smaller than what we would see with the usual approach of giving equal weight to all patients. In the right panel of Figure 3 and top right panel of Figure 4 , we do not show the coverage in the case where α i changed linearly due to the large bias in that case. We see that the coverage of the pointwise confidence bands is close to the desired 0.95, except when the length of the series is small, say less than 60 when β is known and 100 when β is estimated. Not surprisingly when we run the WEE chart with the risk model being updated, we need a longer series for the pointwise confidence bands to have good coverage properties. Note that, for long series, the approach results in pointwise confidence bands that are slightly conservative (liberal) since their coverage is slightly larger (smaller) than 0.95 when β is known (estimated).
The simulation demonstrates that the WEE (2.4) leads to slightly biased estimates of p 0,t when α i is changing slowly. We are trading increased precision for this bias by down-weighting outcomes from the past. As λ increases, the standard errors will increase while the bias is reduced. We cannot avoid this tradeoff unless we are willing to assume an underlying model such as a learning curve to specify how α t changes over time.
The WEE chart of the weighted score estimates proposed here is similar to the exponentially weighted moving average chart of risk-adjusted outcomes suggested by Grigg and Spiegelhalter (2007) . Their approach also produces a trace of an estimate of the risk for a standard patient by down-weighting past observations to allow for the possibility of change. As such, just like the WEE chart their method involves a trade-off of bias for precision and depends on the choice of standard patient. Our proposal differs from the Grigg and Spiegelhalter (2007) approach in a number of important ways. First, with our approach, we can obtain simple pointwise confidence intervals without resorting to a complicated Bayesian dynamic model. Secondly, our approach allows automatic updating of the estimate for β (if desired) as more data become available. When β is estimated, the pointwise confidence intervals also take into account the estimation error. Finally, our approach seems simpler to understand.
Our approach is also similar to that suggested by Cook and others (2011) who proposed an exponentially weighted moving average chart of the observed minus expected outcome. We feel that plotting an estimate of the failure rate for a standard patient as in the WEE chart is easier to interpret. In addition, with the Cook and others (2011) methodology the expected outcome is always calculated using the fixed-risk model parameter estimates derived before the monitoring began. As a result, our proposed WEE chart will generally be more sensitive to changes in performance since it adapts the risk model as time passes.
As formulated, the proposed WEE charts, illustrated in Figures 1 and 2 , are not control charts in the traditional sense since they are not decision-focused and do not have control limits. As a result, they are not directly comparable with risk-adjusted CUSUM charts (Steiner and others, 2000) . As suggested, if we wish to incorporate a decision limit, we could decide to trigger action if the 95% pointwise confidence bands do not include the expected/desired failure rate. Further evaluation of this use of pointwise confidence bands to make decisions is warranted.
SUMMARY AND DISCUSSION
The proposed WEE chart monitoring approach allows for risk-adjusted monitoring of a process where we believe the underlying failure rate may be slowly changing over time. The chart provides an up-to-date estimate of the expected failure rate for a standard patient that gives more weight to recent results. By using the exponentially decaying weights, the monitoring will be sensitive to changes in the underlying failure rate whenever the change might occur.
The estimated failure rate for the standard patient is biased if the rate is changing over time. However, if the change of rate is slow, the bias will be small. Note also that the standard error of the estimated failure rate is calculated assuming there is no change of rate. Again, if this change is slow, the standard error based on (2.7) will provide a good approximation.
In any application, we must select the smoothing constant λ to define the patient weights given by (2.2). Choosing a value close to unity gives large weights only to very recent surgical outcomes, whereas, in the limit as λ approaches zero, we give equal weight to all observed patients (even those a long time in the past). The best value of λ depends on how quickly performance changes. With binary outcomes, little information is provided by each individual patient, which suggests avoiding large smoothing constants. However, since we believe the underlying failure rate may change over time, using equal weights for all patients is not recommended. In effect, under the assumption that the failure rate is changing over time the choice of λ involves a trade-off between variability and bias in the estimation of α t and thus p 0,t .
We can also use the proposed WEE approach to also compare surgeons. One informal option is to simply stratify the data by surgeon and plot the resulting p 0,t estimates for each surgeon separately. It is also possible to formally compare surgeons using a hypothesis test.
The WEE methodology is easily adapted to other types of outcomes. For example with a continuous outcome, such as hospital length of stay, suppose that the risk adjustment model is given by the regression model Y = α + β T (x i − x 0 ) + R. Then, the weighted score equation is W (α) = w i (y i − μ i (α)), where we have denoted the expected outcome for patient i as μ i (α) and the parameter α captures the possibly changing average outcome after risk adjustment for the standard patient given by covariate vector x 0 . Here, unlike the logistic regression model (2.1), there is a separate parameter that captures the variability of the outcome. If we denote the standard deviation of the model error term R as σ (constant for all combinations of the risk factors), then, assuming the variability does not change, we obtain
, which is the usual result σ/ √ t if we use equal weights for all patients. For a continuous outcome, the results given earlier carry over easily but now it makes sense to use a larger value for the smoothing constant λ in the range 0.05-0.20.
